On the basis of household-level scanner data (homescan) for Japan over a three-year period, we construct a household-level price index, and we investigate the causes of the differences in prices across households. As noted by Aguiar and Hurst (2007) , large price differentials across households are observed. The differences across age and income groups, however, are small. In addition, we find that elderly people face higher prices than younger people, which is opposite of the results of Aguiar and Hurst (2007) . The most important determinant of the price level is the reliance on bargain sales; an increase in the purchase at bargain sales by one standard deviation decreases the price level by more than 0.9%, while the shopping frequency has only limited effects on the price level.
Introduction
Because of recent technological developments in data creation, numerous researchers of commodity prices have begun to use not only traditional aggregates, such as the consumer price index, but also information on micro-level commodity prices. To date, micro-level price information has been used in various economic fields, such as macroeconomics (Nakamura and Steinsson (2007) ), international economics (Haskel and Wolf (2001) ) and industrial economics (Bay et al. (2004) ). Recently, on the basis of commodity-level scanner data, Aguiar and Hurst (2007) found that a violation of the law of one price can be found across different age groups. More precisely, elderly families face lower prices for the same commodities than younger families in the United States. Aguiar and Hust (2007) interpret their results in line with the standard life cycle model of consumption with endogenous decisions of shopping time. The mechanism is simple.
Because the opportunity costs of shopping for retired people are lower than those for young people, elderly people tend to shop more to find lower prices, which results in the violation of the law of one price.
On the basis of commodity price information compiled from registers at supermarkets, Broda and Romalis (2010) argue that the standard consumer price index for poor families in the US has a significant upper bias, which underestimates the real income of poor families. This bias also comes from the violation of the law of one price, that is, poor families face lower prices for the same commodities than rich families. This paper considers the relationship between shopping behaviors and price level based on scanner data for Japan. 4 Similar to Aguiar and Hurst (2007) , we find a significant violation of the law of one price in the data for Japan. Figure 1 illustrates the distribution of the relative commodity price index following Aguiar and Hurst (2007) . 5 The index takes a value of unity if the recorded price is equal to the regional average price. A value of 1.2 implies that the price is 20% larger than the average. The figure clearly shows that the same products are sold at very different prices. We also find, however, that the differences or price levels across age or income groups are very small.
Other than income and age, we find several important determinants of the price index. The most important determinant of the price level is the ratio of purchases at bargain sales. By increasing the purchase at bargain sales by one standard deviation, people can enjoy a reduction in their price level of 0.9%, which is consistent with Griffith et al. (2009) , who find a significant amount of savings from purchasing at 4 Even if the law of one price holds, as long as there are heterogeneity in composition in household expenditures, the rates of inflation can be different across households. Japanese statistical bureau reports the inflation rate across different age and income groups. There are also several papers that investigate the differences in inflation rate based on the difference in compositions. See Kitamura (2008) , Kuroda and Yamamoto (2010) , and Unayama and Keida (2011) , for example. All of them, however, did not use product level information of prices as in Aguiar and Hurst (2007) . 5 The figure shows the distribution of the household level monthly price index. The definition of the index will be given in the next section. bargain sales in the United Kingdom. Although other shopping behaviors, such as frequency of shopping, the degree of mass purchasing, or preference for high quality goods, are all statistically significant, these behaviors are not quantitatively important.
Our empirical results suggest that further investigation into shopping strategy, particularly determinants of purchasing at bargain sales, is necessary to understand the mechanism behind the price level differential across families. 
Data
The data set in this paper are from the "Household Consumer Panel Research" (SCI hereafter) data set compiled by Intage, a marketing company in Japan. SCI began in 1964 as a diary survey. A randomly selected set of 12,000 households from all over Japan installed a barcode reader in their houses and scanned the barcodes of commodities they purchased daily. The data scanned by the barcode readers are transferred automatically to the data center of Intage through a high-speed network.
SCI is virtually the only available homescan data source that covers all of Japan. SCI records (1) the commodity code (JAN code) that is supposedly a unique commodity identifier, 6 (2) the day of shopping, (3) the price and quantity of each 6 JAN (Japanese Article Number) code is managed by The Distribution Systems Research Institute. The code is compatible with the Universal Product Code (UPC). Although the JAN code is supposedly a unique identifier, some companies use the same JAN code for different products. Intage creates its own additional code to deal with the repeated use of JAN code. We use both JAN and Intage codes to commodity, and (4) the name of the store. In addition, the sampled households record their basic information, such as age of husband and wife, income, and educational background, once a year. The sample households are restricted to married couples where the wife is younger than 70 years. The same households are tracked for a maximum of 10 years, which provides daily household-and commodity-level panel data.
Although the information contained in SCI is much richer than standard diary-based surveys on household expenditure, such as the Consumer Expenditure Survey, it has several limitations. Because SCI is recorded through barcode readers, commodities without a barcode, such as fresh vegetables, meat, fish, and fruits, are not included. 7 Furthermore, no information is available about expenditures from dining out, for durable goods, and for services. These limitations are shared by the homescan data of AC Nielsen in the US.
The data we use in this paper cover three years, from 2004 to 2006. Table 1 shows the distribution of the family composition. KHPS (Keio Household Panel Survey) is used widely among economic researchers in Japan as one of the standard panel surveys. Compared with the Census, the sample households of SCI contain more family members. A similar bias can be found in KHPS. Table 2 shows the age distribution of the sample wife, while Table 3 reports the employment status of the wife. We can observe that a significant number of wives are not in paid employment.
Relative Price Index
Homescan data such as that available from Intage or AC Nielsen enable us to observe detailed purchasing behaviors by each household, including actual purchasing prices and quantities. Therefore, it is tempting to construct a standard Laspeyres or Paasche price index to compare price levels among families. This task is not easy, unfortunately. While there are hundreds of thousands of different products in the dataset, each household purchases fewer than one hundred items each month.
Therefore, if we try to construct a Laspeyres or Paasche index, we will encounter many zeros, which cause serious downward (Paachse) or upward (Laspeyres) biases. To avoid this complexity, following Aguiar and Hurst (2007) , we construct the price index as follows.
Let us consider a commodity that belongs to a product category . Denote identify commodities. Figure 2 shows the life-cycle profile of this price index. The horizontal axis shows the age of the wife, while the vertical axis indicates the price index. As is clear from the figure, the price index increases with age; it does not decrease, as stated by Aguiar and Hurst (2007) . Moreover, the slope is very small, which implies that the differences in prices across age groups are extremely limited; the absolute value of the slope is approximately one-third that estimated in the US. Figure 3 also shows the relationship between the price index and household income. Similar to Figure   2 , we can observe a slightly upward line of price over income, which implies households with greater income face moderately higher prices than poor families. Table 4 shows the regression coefficients for income and age dummies when the dependent variable is the natural logarithms of the price index. The effects of age and income group dummies on the price index are quite stable and are highly significant.
However, the values of the coefficients are generally not so large. According to specification (1) in Table 5 , rich households whose income is over 9 million yen face 0.013-point higher prices than the poorest income group.
It is worth noting that this price index cannot capture the movements of prices over time because the average of the price index is always unity. One of the main results of Aguiar and Hurst (2007) is that elderly people can lower their prices by increasing their shopping frequency. In this section, in addition to the shopping frequency, we introduce other shopping behaviors that might affect the relative price index introduced in the previous section.
Shopping frequency: (ln trip)
First, for the measure of the shopping frequency, we use the number of stores households use. More precisely, we first count the number of different stores a sample household visits each day. Next, we calculate the sum of the number for each month, which gives the index for the degree of shopping frequency. The greater the shopping frequency, the higher the likelihood for encountering lower prices, which leads to a lower price index.
The number of different stores: (ln stores)
We also use the total number of stores a household visits in a month.
Our measure for the shopping frequency is the gross monthly total number of stores a household uses. This measure captures the variety of shops each household uses. Note that this measure does not include information regarding frequent shopping at the same store. This variable can be used as a proxy for search intensity, which might lead to a lower price index, to find the people who use some stores in search of better prices.
HHI : (ln HHI)
Next, we construct the Herfindahl-Hirschman Index (HHI) to capture the concentration of spending. HHI is a measure of the amount of competition in the industry. We use it as an indicator for the degree of concentration of stores where the households purchase goods. For example, consider two households. Both families go to three stores in a month. One of the families relies on a large supermarket and spends 90 % of the monthly expenditure at the supermarket, while the other family spends evenly across the three stores. Our HHI index captures the difference in such shopping behaviors.
HHI is defined as follows:
where , is the share of store K in monthly total purchases of household .
The total number of goods bought by a household: (ln quantity)
We consider the monthly total number of goods a household buys.
, , , ,
It is reasonable to suppose that a family buying many goods can enjoy volume discounts more, thus decreasing the price level.
Non-bargain Index : (non_bargain)
To observe the effect of buying at bargain sales, we construct a measure for bargains. As might be expected, a household can decrease their price index by purchasing more goods at bargain sales.
Because of the lack of store-level flags for bargain sales in our dataset, it is necessary to define the price at bargain sales based on information regarding the movements of store-level prices. In this paper, we adopt the store-level monthly minimum price for each good, , , as the price at bargain sales. Then, the following index is used,
shows the ratio of expenditure at prices higher than the bargain sales. A household with a large non-bargain index is purchasing products at higher prices than bargain sales, which lowers the relative price index. It is worth noting that this measure captures the importance of temporal reduction within a month. If prices are stable for several months, or if bargain sales last more than one month, this index fails to capture the importance of bargain sales.
Store Choice index: (ln store_choice)
Generally, most products can be purchased at both luxury stores and discount stores. The movement of prices differs across stores to a great extent. Abe and Tonogi (2009) show that prices move very differently across stores based on a large point-of-sale database of Japanese stores. Suppose a rich family has greater opportunity costs for shopping than poor families. Also, suppose that a rich family tends to use luxury stores.
Then, it is probable that luxury stores sell commodities at higher prices than standard supermarkets because customers can reduce their shopping costs by buying goods at one shop even if they know other stores have set lower prices for exactly the same goods.
However, discount shops cannot set higher prices for common goods because common goods are the main products of discount shops, which expect that customers will change their favorite shops if they increase the prices of commonly used goods. Thus, it is worth examining the effects of the quality of stores on the price index.
We define the index for the quality of each store, K, by basically following the relative price index. The store quality index is the ratio of the hypothetical sales if the store sells the goods at their average price , to the sales if the store sells the goods at their categorical average goods. More precisely, first, we obtain the average price for a given good in category as:
Next, assuming that the stores sell the average goods in each category at the average price, we obtain the total sale as:
Then, we calculate the total sales of store k if it sells the goods at their average prices , ∑
. Now, the index for the quality of goods sold at store k is defined as:
.
Finally, we normalize the index by dividing by the average monthly quality index as follows:
which gives us the quality index of a store k during the time interval m.
Note that this index does not imply that each store sets lower (or higher) prices for each good, as we use the average price to calculate the monthly total sales.
Second, using this store quality index, we construct a store choice measure for each household. We employ the average of the store quality index weighted by the share of each store in monthly total purchases of a household j.
The greater the store choice index, the higher the likelihood of using luxury stores, which leads to a higher price index.
Quality Index: (ln quality)
Similar to the quality of stores, it is possible to create an index for the quality of goods bought by each household. The justification is the same as the store choice index.
It seems reasonable to assume that a household buying luxury goods will go to luxury stores more often, leading to a higher price index.
The quality index for households is defined as the ratio of the hypothetical expenditure if the household purchases the goods at their average price , to the expenditure if the household purchases the goods at their categorical average goods .
Assuming that the household buys the average goods in each category at the average price, the total expenditure is:
, and the expenditure if the household purchases the goods at their average price is:
, ,
The index for quality of goods bought by household j is defined as:
. and we normalize the index by dividing by the average monthly quality index as follows:
It is expected that the greater this quality index, the higher the price index.
As noted previously, this measure is not affected by other shopping strategies of each household, such as buying at sales, because it uses the average price of each good.
In this index, we assume all households encounter the same prices for specific goods, so the greater index does not imply a household buys goods at higher prices than another household. Table 6 reports the differences of these shopping behavior variables and the relative price index across different age and income groups. On average, Japanese families shop 14.4 times a month. The standard deviation of the number of trips is large,
i.e., 9.5, which implies families are highly heterogeneous in their shopping frequency. Figure 4 confirms the heterogeneity. Some families shop more than 100 times a month.
It is important to remember that this index counts multiple trips to the same store within the same day as only one trip.
Figure 4: Distribution of the Frequency of Shopping per Month
The shopping frequency is at its maximum if the wife is 50-54 years old. We can also observe that the shopping frequency increases with income.
Not surprisingly, the ratio of non-bargain purchases increases with age and income. The standard deviation is also large. Figure 5 shows the distribution of the non-bargain ratio. We can observe a mass point at zero, which implies that a significant number of families purchase goods at the monthly minimum price only. There are also some families whose index is close to unity, implying that some families always purchase goods at higher prices rather than the monthly minimum price. 
The Relationships Between the Relative Price Index and Shopping
Behaviors Table 6 reports the estimated ordinary least squares results. Because of the endogeneity in the shopping behaviors, we should be careful to interpret the coefficients of the shopping behaviors, such as the frequency of trips. Because of the large sample size, some of the t-values exceed fifty. Except for the Hafindahl Index (lnHHI) and the number of different stores (lnstore), the sign of the shopping behaviors are generally consistent with the casual hypotheses raised in the previous section. For example, the coefficient of the frequency of trips (lntrip) is negative, which implies that households that purchase often face lower prices. Moreover, the size of the coefficient, -0.0137 in Spec (1), is similar to the results of the OLS in Aguiar and Hursts (2007) .
The effects of income dummies are exceptionally stable. Controlling for shopping behaviors does not change the coefficients and their statistical significance, which implies that a positive relationship between the relative price index and income level reflects other mechanisms that are not captured from those considered in Section 4.
The effects of age dummies, however, become smaller when the non-bargain ratio or the quality of goods is controlled. If both non-bargain ratio and quality of goods are controlled without other shopping behavior variables, the coefficient for the dummy for 60 or older becomes 0.0026, which is only 33% of the coefficient, 0.0078 at Spec (1) in Table 4 . Therefore, the relationship between age and relative prices is related to the shopping behavior considered in Section 4. However, because of the endogeneity in our shopping variables, we need instrumental variables to consider the relationship further.
Aguiar and Hurst (2007) used dummies for income or age as instrumental variables. Unfortunately, the two-stage least square estimates with these instrumental variables cannot path the over-identification tests, or these instrumental variables are weak and the estimation results are unstable. Rather than relying on instrumental variables, we adopt a fixed effects model, which enables us to omit biases due to unobservable family level effects. Table 7 shows the estimation results. Robust and stable relationships between shopping behaviors and the relative price index can be found in lnquantity, non-bargain ratio, lnstore_choice, and lnquality. The effects of age and income become much smaller than those reported in Table 6 . The reason is simple: the fixed effects model uses information on the inner variation of each dependent variable. Because our dummies for income and age are categorical variables, there are few families whose categories changed during the sample periods. In other words, our categorical variables contain significant measurement errors to capture age or income effects, which leads to significant downward biases in the coefficients. Table 8 reports the effects of an increase in each dependent variable by its one standard deviation on the relative price index. The effects of the non-bargain ratio have the greatest impact on the prices. The second greatest effects on the relative price index come from mass purchasing (lnquantity). With an increase in purchase quantity of one standard deviation, households can enjoy a 0.6% decrease in their relative price index.
Households can also reduce their price level by choosing goods of lower quality or by shopping at discount shops. These effects, however, are smaller than the effects through purchasing at the bargain sales. The effects through frequency of shopping are only 20% of the effects of purchasing at bargain sales.
It is worth noting that the R-squared of Spec (1) in Table 6 is approximately 10%, which implies that approximately 90% of the differences in the relative price index cannot be explained by the observed variables. As shown in Figure 1 and Table 4 , there is a significant amount of heterogeneity in the relative price index across households.
We need more information on the households' shopping behaviors and preferences to study the cause of the heterogeneity in more detail.
Conclusion
This paper investigated household-level price and inflation rate differences based on Japanese scanner data. The data reveal that the law of one price is violated to a great extent, and differences in prices and inflation rates across households exist for the same commodity, and these results are consistent with previous studies based on US data. Both the price level and the inflation rate have a negative correlation with shopping frequency. However, the fixed effects estimates show very small significant effects of the shopping frequency on the price level. The largest effects come from the non-bargain ratio.
There are many remaining tasks. In this paper, the product-level information is not fully utilized. The variation in household characteristics, such as employment status and family composition, may also be important in explaining the differences in the inflation rates across households. Finally, following Broda and Romalis (2009) Ordinary least squares estimates based on Japanese homescan provided by Intage. The dependent variable is the natural logarithm of the relative price index. The data is converted to household level monthly data.
(1) The unit is 1000yen. The base is the income below 4,000.
(2) The age of wife. The base is the dummy for below 30. Spec (1) controlled for time dummies, locational dummies, and household characteristics. Spec (2) controlled for locational dummies and household characteristics. Spec (3) controlled for household characteristics. All the explanatory variables in spec (4) are shown in this table. The data is converted to household level monthly data.
(2) The age of wife. The base is the dummy for below 30.
Household level charcteristics such as the number of family members as well as locational information are also controlled. The data is converted to household level monthly data.
Household level charcteristics such as the number of family members are also controlled. Table 7 . SD is one standard deviation of each variable. The standard deviation of ln (Prices) is 0.0577.
